Sensing task allocation is one of the most challenging issues in the field of mobile sensor networks (MSNs). Many existing studies have focused on various aspects of sensing task allocation, such as the relationship between sensing task allocation and the number of participants, the sensing task completion time, and the reward required to complete the task. However, few studies have focused on the relationship between sensing tasks and agent attributes. To address this issue, we first analyze the relationship between the structural characteristics of the mobile perceptron network and the agents. Further, we model the relationship between agents using multi-attribute fusion. Then, according to this model and its preference for sensing tasks, we proposed the sensing task allocation algorithm based on Dempster-Shafer (D-S) theory and multiattribute fusion(STADMF). Finally, STADMF is compared with three algorithms on large-scale real data sets and a synthetic mobile crowdsensing (MCS) trace. The results show that the proposed algorithm achieves good performance in terms of the similarity and accuracy of task sensing.
I. INTRODUCTION
The concept of crowdsourcing was first proposed by Jeff Howe, a journalist of Wired magazine, in June 2006. Since then, crowdsourcing technology has flourished. In recent years, the rapid development of electronic and network technologies has contributed toward the growing importance of smart devices, including embedded, handheld, and wearable devices, in daily life [1] , [2] . Such smart devices can perceive large-scale physical and social phenomena, which has led to the emergence of a new cognitive paradigm, namely mobile crowdsensing (MCS). Group intelligence perception is the large-scale use of intelligent terminals for the timely and collaborative performance of complex sensing activities that affect people's lives. It has been applied to traffic information The associate editor coordinating the review of this manuscript and approving it for publication was Haipeng Yao. collection tools such as VTrack [3] , Nericell [4] , air quality monitors [5] , etc.
At present, task distribution in group intelligence perception is a major research hotspot, and most related studies focus on the impact of participants in the perception tasks on the perceived task, identification of the task allocation to minimize the cost of perception under the determined conditions, etc. [6] . On the one hand, the requirements of maximizing the total task throughput and perceived task quality while minimizing the perceived task time have been studied according to the requirements of the perceived tasks [7] . On the other hand, the time-critical demand and tolerance delay of the perceived tasks have been investigated [8] . For the problem of perceptual user selection, the former minimizes the distance of the user through the mobile sensing task, while the latter minimizes the total number of perceptual tasks.
In a social network, the influence of the user preference and the space-time constraint on the recommendation service can be determined by mining the location information of the user. For example, the location data of the user are collected and modeled using location-based social networks (LBSNs) [9] , and a travel route scheme conforming to their interests can be constructed according to their preferences and space-time requirements. An extensive review of the literature [8] - [12] , [15] - [21] has shown that the current research on sensory tasks mainly focuses on location, distance, communication time, number of participants, and reliability between agents. Relatively few studies have focused on the impact of the associations between agents on the perceived tasks. To address this situation, we first analyze the number of successful distributions of perceived tasks, the satisfaction degree of the task senders and receivers, and the influence of agents on the distribution of the perceived tasks. Then, we model the relationship between agents using multi-attribute fusion. Finally, we establish the sensing task allocation algorithm based on Dempster-Shafer (D-S) theory and multi-attribute fusion (STADMF), which provides a new way to distribute the perceived tasks. In particular, STADMF examines the strength of the relationship between mobile agents and its influence on the perceived tasks. The main contributions of this paper are as follows:
• The attribute characteristics of the mobile agent and the perceived task, such as the number of times the agent successfully senses the task, the degree of satisfaction between the sender and the receiver, and the activity of the agent in the perceived task, are analyzed.
• The perceptron network and the agent have their own characteristics. We explore the relationship between them, construct the preference attribute of the agent, and use it to realize the perception task and determine the influence of the above-mentioned factors on the perception task.
• According to the preference relationship of the agent, the data fusion process is carried out on the basis of D-S theory, and the sensory task allocation algorithm is established and compared with other algorithms. The rest of this paper is organized as follows. Section II reviews relevant domestic and international studies; Section III describes the characteristics of mobile sensor network and the attribute calculation model of agent in sensor network; Section IV studies the agent perception task mechanism in mobile sensor network; Section V verifies the feasibility of agent multi-attribute fusion in the sensor network for the agent-aware task model through real and virtual data sets. Section VI summarizes the study and briefly explores directions for future research.
II. REVIEWS RELEVANT DOMESTIC AND INTERNATIONAL STUDES
At present, most studies on the distribution of crowdsensing tasks are based on social relations, regional structure, interaction between users, and user models. The existing data trajectory and the relationship between user activities are used to explore the role of users in group perception activities and to discover the time-space relationship as well as the role of interactions between users and social activities. Guo et al. [10] , An and Gui [12] , and Zhang and Dantu [15] studied the similarity, intimacy, status, and participation of people in activities to recommend corresponding service content.
In the context of the Internet of Things, the interconnect factor and distance factor are introduced according to node mobility to quantify the node social relationship in the network [15] . The interaction and communication of intelligent interconnection is a natural human pursuit under the development of intelligent technology. To establish various intelligent services, it is necessary to clarify factors such as time and space that affect such services. An and Gui [12] and An et al. [13] proposed a social relationship cognitive model framework based on impact factors by studying the characteristics of social intelligence, such as complexity, sociality, symmetry, transitivity, and dynamics. Their framework overcomes the subjective assignment of node weight and the lack of dynamic adaptability of traditional methods. An and Gui [12] , Zhang and Dantu, [15] , Yu et al. [16] , and Chen et al. [18] analyzed the existence of diverse and complex relationships between social networks and human behavior, and they identified metrics of relationships between users through trajectory records of different smart devices, which are used to check people's behavior characteristics. In particular, they used [15] a reciprocal index on homeland security, spam detection, telecommunications, and product sales to establish a reciprocal measure between users and communicating entities. Their experiment proves that the social network model and the social behavior model of human behavior are based on the records of user's mobile communication. With regard to traditional networks, networks of opportunities, societies, events, and objects [20] , [19] , [21] , and mobile crowdsourcing networks, researchers have achieved some progress in regional (community, geospatial, and spacetime) studies. Guo et al. [22] , [23] , Zhang et al. [24] and Yu et al. [25] studied the treatment of different communities, the connectivity and attribute association between communities, and the management of community networks. Their model analyzes the similarities and differences between the behaviors of different communities and heterogeneous community networks, and it uses the principles of social activities to manage communities. In addition, there is also a connection between communities and the surrounding environment. Context (space and time) and sociality in the study of physical and cyberspace behavior can provide insight into their behavioral characteristics. Zhang et al. [24] and Li et al. [26] studied the trajectory data of physical space behavior and user behavior in community and event networks according to the user's hobby characteristics and community scenarios, and they proposed new singular value decomposition and multifactor neighborhood (SVD-MFN) algorithm to analyze the behavior of users in context-aware networks. Considering the rapid development of mobile networks, Li et al. [24] extracted user semantic information, mined and analyzed user social behavior, and constructed association models of time and space as well as activities in different time periods.
Sensors are embedded in network devices, and people leave data tracks through network activities. Yu et al. [25] used the trajectory data to determine people's behaviors and community dynamics. From the perspective of moving objects and personal preferences, sensory data can be used to determine Community behavior.
In crowdsensing, some tasks require a large number of people to work together [28] . Zheng et al. [29] studied the task assignment problem by considering the task assignment quality (also called evaluation metric), especially accuracy, and proposed a linear time high quality allocation scheme. Wang et al. [30] studied the problem of task assignment in participatory sensing. Under the constraint of a shared budget, the compensation mechanism is used to maximize the quality of sensing data. Futher, the concept of iterative greed is used to realize the allocation of perceptual tasks optimally. Xiao et al. studied the task assignment strategy with regard to the accuracy of task assignment and the score of the task sender, and they evaluated the results of perceived task assignment [31] . In the study of location and time-related crowdsourcing tasks, Deng et al. proved that such problems are NP problems, but they proposed approximate and gradual strategies and obtained a good solution to such problems [32] . Song et al. [33] studied the task assignment problem of three types of objects in crowdsourcing, and they selected the best object to be added to the distribution result set on the task set by assigning utility values.
By analyzing the characteristics of people's activities in the crowdsensing network, the perception process is found to be closely related to the user's activities. Zhang et al. [24] , [37] proposed a decision-making mechanism based on historical records, current records, and task requirements, and they accurately predicted the user's future interactions and movements.
As mentioned above, existing sensing tasks mainly focus on task distribution, such as finding the best geographical location of the agent, maximizing the profit, minimizing the time to complete the task, and determining the optimal order of task completion. However, in the perception task, the influence of the attributes between the agents on the perceived tasks has not received much attention. Therefore, from the perspective of the multi-attribute interaction of agents, this study investigates agents and their impact on perception tasks, designs related algorithms, and conducts comparative experiments.
III. AWARENESS PROCESS OF AGENTS
In the mobile sensor network, real-time acquisition of the motion trajectory of the agent and the behavior information of interaction between them accurately reflects their close associations and relationships. In particular, the assignment of perceived tasks plays an important role. The agent's mobile sensor network has the following characteristics:
(1) Complex environment perception. The agent senses that the relationship between network nodes changes with time. This is the agent's own characteristic, which also affects stability of the communication link between the perceptrons of the sensing task. The development of ad hoc network and wireless perceptron networks has provided a good routing solution [9] . Collaboration between agents is the cornerstone of awareness tasks. Furthermore, the influence of the time and space characteristics of the agent, environmental factors, and the calculation of the agents can not be ignored.
(2) Diversified network access. With the deployment of 5G technology, the coverage and network performance will be improved considerably, the communication interface of mobile devices will be more convenient, and the establishment of wireless networks will be rapidly improved. Various wireless communication technologies such as WLAN and Bluetooth support different network transmission protocols, and through comprehensive coverage by wireless networks, enterprises, shopping malls, schools, communities, etc. can achieve data sharing at any time [36] , [37] . (3) Dynamic changes. The agent may be integrated into other mobile devices such that the movement of the agent is a normal phenomenon, and its mutual connection changes with time. Further, its degree of interaction is strongly affected by its mobility. Through the above analysis, the cooperation between agents is understood as the embodiment of the interaction between the agents. Based on various factors, this study mainly investigates the success rate of tasks among the agents, the satisfaction between the agents, the activity of the agents, and the degree of collaboration between the agents.
A. ANALYSIS OF FACTPRS INFLUENCING PERCEPTION 1) SUCCESS RATE
In the process of distributing perceived tasks, individual information on the successful execution of these tasks is recorded, which provides considerable support for speculation as to whether the agent can successfully perform tasks in the future. A large number of successful executions of the task indicates that the agent has strong perceptual ability, thus, intuitively, the agent is capable of performing the task.
Succ(a) =
Total succ Total task (1) where Succ(α) is the success rate of the perceptron node's sensing task. Total succ is the sum of all successful tasks, and Total task is the sum of the agents receiving the sensing tasks.
2) SATISFACTION DEGREE
Satisfaction degree is the feedback of the task receiver's execution of the perception task of the agent. This feedback information is also one of the measures of the ability to perform a sensing task in the future.
where xi, xj k is the kth feedback of the agent i to agent j. The feedback information is time-sensitive, and the recent or current feedback has a high reference value for the satisfaction of the sensing task. Further, ϕ (h) is the attenuation coefficient, which is used to adjust the feedback to the sensing service.
For the most recent evaluation, the weight should be higher.
The attenuation coefficient is expressed as follows:
3) ACTIVITY DEGREE Activity degree is a measure of how active an agent is in the sensing network. During a certain time interval, there are many tasks to be performed, indicating that the activity is high. Similarly, there are many interactions with other individuals, hence, the activity is high.
where ψ(n) = 1 − 1/(n + n), n is the number of evaluators, x i and x j represent agents i and j, respectively, and m is the number of agents with interactions. Further, is a constant that is greater than zero such that ψ(n) is used to maintain the degree of proximity at 1.
IV. SENSSING TASK ALLOCATION MECHANISM A. BIPARTITE GRAPH-BASED PERCEPTIVE TASK COLLABORATION
Definition [38] : The set of nodes in the figure is
The graph is called a bipartite graph, which is denoted as (x, , y), where represents the set of edges.
It is applied to the assignment of sensing tasks in the crowdsensing network, and the relationship between the agent and the perceived task is described by the two-group A, T where T represents the task and A represents the agent. Graph model G = (V , E) represents an agent-sensing task, where V is a set of vertices, representing a set of agents; E is a set of edges, representing the association between the agents, and the value of an edge is a fusion of multiple attribute values of the agent. If a sensing task is reasonably assigned to each different agent, the vertex set is divided into a task set and a non-task set. Figure 1 shows the sensing tasks that the agents can accept. It can be observed in Figure 1 that the same task can be accepted by multiple agents, and the same agent can accept multiple tasks. Hence, finding the best agent to accept a sensing task is our objective. A bipartite graph is used to represent the relationship between the agent and the sensing task. The vertex set is a collection of agents and sensing tasks, expressed as V = V A ∩ V T . The agent and the sensing task are closely related, and the relationship between them is as follows Figure 2 .
A preference relationship is formed between the agent and the sensing task, and the relationship between two agents is a preference relationship between them. A strong preference between agents indicates that there is more communication between the perceptrons, where A ij indicates that agent i accepts perceptual task j. For example, agent 3 can accept task 5 as shown in Figure 3 .
The selection process between the perceptual task and the perceptron can be expressed as
where X represents the set of agents in the sensor network, Y represents the set of agent-aware tasks in the perceptron network, and R indicates that in the sensor network, according to the attribute characteristics of the perceptron and different preference selection criteria, the agent that meets the criteria of agent preference is chosen for the perceptual task.
Hence, one or more perceptual tasks are selected for each perceptron (the task can be regarded as a collection, and the agent does not necessarily complete only one perceptual task). Thus, a matching relationship is formed between the agent and the sensing task. In the above-mentioned formulas, X = {x 1 , x 2 , x 3 , · · · · · · , x n } , n ⊂ R each x i represent an agent, and each agent's preference is set to Z. Then, each agent preference can be expressed as X z = x z1 1 , x z2 2 , x z3 3 , · · · · · · , x zn n . Set Y = {y 1 , y 2 , y 3 , · · · · · · , y n } , n ⊂ R. Each task corresponds to a different agent based on the preference of perception, and it is also possible that an agent can perceive multiple tasks based on preference.
On the basis of studies on social networks, some mutual factors influencing agents have emerged in the process of mutual cooperation. According to the existing related research, combined with related factors such as the characteristics of the perceptron network structure, the satisfaction of the service, and the interaction between the perceptrons in the sensor task. We choose the set Z = {success rate (Succ(α)), satisfaction (Sat (β)), activity (Act (γ ))} as a measure of the choice of sensing tasks.
B. MULTI-ATTRIBUTE FUSION BASED ON DEMPSTER-SHAFER THERO 1) DECISION RULES OF EVIDENCE THEORY
The evidence theory is also known as Dempster-Shafer (D-S) theory or trust function theory. After the theory was established, it was extended by researchers [14] , [39] , [40] . The traditional probability theory cannot deal with insufficient evidence, which leads to uncertainty of the conclusion. The D-S theory relaxes these conditions and it can deal with the evidence that multiple events may occur, making the event more or less possible. The basis of the metrics provides a strong guarantee for the expression and integration of uncertain and inexact information [41] - [43] . Specifically, the D-S theory makes the following assumptions:
In this theory, the sample space is called the identification framework, and it is represented by h . It has finiteness and legibility, and the elements are mutually exclusive.
Hypothesis 1: h = {θ 1 , θ 2 , θ 3 , · · · θ n }, h is a power set composed of all its subsets, and it satisfies ∅ ∈ 2 h . Further h ∈ 2 h , 2 h → [0, 1] is called basic probability assignment, assuming that the function is y, y(∅) = 0, for ∀A ∈ 2 h , y(A) = 1.
Hypothesis 2: Let h be the identification framework. The function Bel :2 θ → [1, 2] is called the confidence function assuming that for ∀A ∈ 2 h , Bel(A) represents all subsets in A. The sum of the basic probabilities is
where Bel(A) is called the confidence degree of A, which indicates the sum of the basic probabilities of the evidence that explicitly supports proposition A. It is also called the lower bound function and it is the full trust of A. 
Hypothesis 3:
Let h be the identification framework. The function Pl :2 h → [0, 1] is called the likelihood function. For ∀A ∈ 2 θ , Pl(A) = B∩A =∅ y(B); then, Pl(A) is called the likelihood of A, indicating that the evidence is not the extent to which proposition A is rejected. Pl is also called an upper limit function or a non-rejectable function. It is easy to know that Pl(A) = 1 − Bel(A) for ∀A ∀A ⊂ h .
Pl(A) ≥ Bel(A)
It can be represented by a graph as follows :
2) DEMPSTER-SHAFER COMBINATION RULES Let A 1 , A 2 be two probability distribution functions on h . The sum is y = y 1 + y 2 , defined as:
where
It is easy to see that when there are n probability distribution functions, then
Decision processing method of evidence theory According to D-S theory, multi-source attributes are fused by decision-making. From the above, we can see that different attributes get the weighted basic probability assignment value of focal element (focal element is rather than zero) as the input of fusion, where n is the number of focal elements. The attribute evaluation index of basic probability assignment value is obtained by the D-S combination rule. 
3) ATTRIBUTE LEVEL ASSIGNMENT RULES
The analytic hierarchy process (AHP) was developed by Satty in the 1970s, and it has undergone continuous improvement since then [44] . It is a structured technique for studying decision-related elements. It is used to quantify complex decision-making processes through organization and analysis based. This study considers the scale of the attributes. Therefore, the evaluation grade is split into According to the principle of AHP, the agent can be divided into five levels on the basis of its attributes, as showed in the table 1:
C. SENSORY TASK ASSIGNMENT ALGORITHMS
According to D-S theory, the trust degree of the user is calculated. The trust degree is regarded as an important factor for the user to accept the task. Based on AHP level theory, the attribute value is transformed into the basis of the grade evaluation, which is used as the evaluation criterion for the task receiver. The proposed algorithm is as follows
The ns array in the algorithm stores tasks that are not perceived, and when new perceptual tasks arrive, they are placed in ns. In the first line, it is determined whether ns is empty, if it is not empty, the algorithm searches for an agent with a matching attribute value. Then, the ith agent in the ns array is compared with the attribute value of the newt agent in lines z, and if there is a match, it is added to the array s. Lines |examine the selected array s to determine whether there is a perceptron that conforms to the new perceived task attribute. If not , the new perceptual task is placed in the unselected array ns. Finally, it is possible to find a perceptual body, and it is also possible to find an agent that already has a perceptual task, the same agent can simultaneously perceive multiple tasks. The match functions in lines z and~are based on the preference attribute. Further, Th is the threshold of the preference attribute. After multiple tests, the final success rate, satisfaction, and activity thresholds are obtained as 0.05, 0.05, and 0.02, respectively. Sensory Task Assignment Based on D-S Evidence Theory and Multi-attribute Fusion int ns[n] -a array to store tasks that are not selected int s[n]-a array to store task that are selected Th -threshold for comparison Newt -new task Input -a series of task output -ns[n],s[n]
x:if (ns! = NULL) then y: for(int i = 0; i < n; i + +) z: if (match(ns[i],newt)>=Th) then {: newt add to s; |:if (s! = NULL) then }: for (i = 0; i < n; i + +)
: if (match(newt,s[i])>=Th) then : newt add to s; : else : newt add to ns 11 : end if 12 : end for 13 :end if 14 :return nt,s;
The time complexity of the STADMF algorithm is O(n * m + n * q), where n is the number of perceptual tasks and m is the number of participants. O(n * m) is a case where ns is not empty, and O(n * q) is a case where s is not empty(q is also the number of participants). When m, q tends to n, the complexity of STADMF algorithm is O(n^2). The STADMF algorithm pseudocode describes a perceptual task assignment.
V. EXPERIMENTAL ANALYSIS A. EXPERIMENTAL DESIGN
We validate the proposed method using real and virtual data sets provided by MIT Reality Mining [45] .MIT stores around 1 million records of 9-month mobile trajectories, contact links, talk time, and monitoring sites for students and employees on the MIT campus. We selected around 890,000 records. Effectively, the number of perceptual devices corresponding to these valid data is 97, and some of the perceptrons with very low attribute correlation between agents were deleted. Finally, we selected 57 agents for experimental verification data support.
The experiment was coded and performed on a Dell desktop (i5-7400,8G,128G,SSD+1T) using Java. The results of experimental focus on the deletion of data between the agent's success rate (Succ), satisfaction (Sat) and activity (Act) less than 0.02. The agent and the sensing task were numbered and indicated by letters for easy observation. They were represented in the form of a bipartite graph as showed in Figure 2 .
B. COMPARISON METHODS
STADMF is a task-aware algorithm based on the similarity of attributes between agents, and it is different from the VOLUME 7, 2019 existing perceptual task distribution algorithm. In this study, three algorithms related to group intelligence perception were selected for comparative analysis. The first was the Random algorithm [30] , which is a stochastic for sensing tasks. The second was based on the Greedy-RT algorithm [32] , which considers an attribute, selects its maximum to accept the perceived task, and adapts to the situation where there are sufficient perceptual users to participate in the perceived task. The third was the MaxODQ/Cost algorithm [28] , which selects the user who perceives the task by calculating the utility cost of the triple. For our study scenario, we made appropriate change to the MaxODQ/Cost method [28] MinSensing.
C. COMPARISON OF THE IMPACT OF MULTIPLE ATTRIBUTES ON SENSING TASK EXECUTION
In figure 5 and 6, Vertical is named attribute difference and horizontal axes is named number of agents.We randomly select a small amount of data from the result set to compare the perceived and perceived task attributes. It can be clearly seen from Fig. 5 and Fig.6 that the attribute difference between the agent and the perceived task of the proposed STADMF algorithm is small. In Figure 5 (1), 5 (2), the attribute difference is large, because the choice of the agent in the Random algorithm only considers a single attribute and random selection, and no limit is set for each attribute. The deviation of the Greedy-RT method is larger because the algorithm aims to select a larger value of the attribute. The classification level is higher, hence, there is a large difference. In Figures 5(6) and 6(6), the Greedy-RT algorithm attribute values are positive or negative. When the value of the agent attribute of the perceived task is large and the value of the currently accepted agent attribute is small, the difference of the attribute is obviously larger, although the Greedy-RT algorithm selects the perceived task with a large attribute value, possibly the maximum attribute. Thus, the agent is chosen.
D. COMPARISON OF THE IMPACT OF THE NUMBER OF TASKS ON THE DISTRIBUTION OF SENSING TASK
Vertical is named sum of attribute difference and horizontal axes is named number of agents. Figures 7 and 8 show the sum of the differences between the perceptual attributes of the receiver and the sender. When the number of perceptual tasks increases to 100, 200, 300 and 400, it can be seen that the value of the attribute of the proposed method increases more smoothly, while the values of other algorithm attributes change sharply. In Figure 7 (4), 7 (5), 7 (6), the MinSensing method attribute value changes more obviously, The Min-Sensing algorithm selects the attribute value that is smaller when smaller agents participate in the perception; then, participating in the perceptual task will make it closer to the agent being perceived. The value of the Greedy-RT method in Figures 8(4) , 8(5) , and 8(6) is also obvious. Thus, the Greedy-RT algorithm is the preferred choice. The maximum value of the attribute should be large at the beginning. When the attribute value of the agent is large, the value of the to satisfy the requirement of the Crowdsensing task. The perceiver's attribute value is higher than the requested attribute value, and such a perceiver can provide reliable perceptual task consequences. It is necessary to be able to allocate all perceived tasks as well as perceived costs.The proposed method may be unable to guarantee a perceiver that meets the requirements when only a few users are involved in the perception. Table 2 compares the variances for randomly selecting 110 perceptual tasks and perceived attribute differences from the result set. We can clearly see from the variance distribution of each algorithm in the case of one, double attribute, and triple attribute. The variance value of the proposed algorithm is relatively small in the case of three attributes. According to the mathematical knowledge, the proposed algorithm performs the sensing task, the attribute value of the sensing task recipient is compared with that of the other algorithms,and it is closest to the attribute value of the sensing task.
E. COMPARISON OF THE INFLUENCE OF ATTRIBUTE VALUES ON SENSING TASKS

F. COMPARISON OF THE INFLUENCE THE MEAN AND VARIANCE OF EACH ATTRIBUTE ON THE SENSING TASK
In table 3, the first three rows represent the sender's data, the last three rows represent the recipient's data, and we compare the sender with the receiver. From table 3, we can see that the variance difference between the Random and Greedy-Rt algorithm is large. The source data in the comparison data set can be found that the corresponding attribute value difference is large, and the attribute value is relatively small. The correlation strength between the satisfaction and the activity level is not high, and the success rate is more relevant in the data set than satisfaction and activity.The MinSensing algorithm and the algorithm we proposed are better. Similarly, from the source data, it can be found that the algorithm we proposed is still more accurate.
VI. SUMMARY
This paper proposes a perceptual model of task assignment in a mobile crowd network as well as a perceptual task allocation algorithm based on D-S theory and multi-attribute fusion. In the process of perceptual task assignment, the attributes of the agent were mainly considered, and D-S theory was used to fuse the attribute values to form the selected sub-cluster of the selected task. Then, the attribute values were compared with the threshold values in the sub-cluster. According to the comparison, the perceived task recipient was selected. The proposed method's success rate (Succ) is decreased by 85%, 96%, and 93% compared with Random, Greedy-RT, and MinSensing algorithms. Further, the similarity degree of satisfaction (Sat) decreased by 90%, 92%, and 57%, while the degree of activity (Act) decreased by 88%, 92% and 63%. Therefore, the proposed method achieved a greater improvement in accuracy than the benchmark method.
In the future, we plan to improve the STADMF algorithm in the following aspects.
1) More convincing attribute constraints and models: We plan to consider more efficient attributes to improve the algorithm, as the currently considered attributes may not be comprehensive. This study only considers that an agent can accept multiple tasks without considering the effects of time, space, etc. 2) Data sparsity: It can be clearly seen from the data that the success rate attribute value is larger than the satisfaction and activity attribute value, and the distribution is relatively uniform. In addition, it can be seen from the performance comparison that the satisfaction and activity are weak than the success rate. We plan to illustrate that the attribute preference is important in the perceived task. The success rate attribute has a higher intensity in the association relationship and it has a greater impact on the perceived task. 3) Heterogeneity of the agent: When analyzing the characteristics of the sensor network, the agent in the sensor network has strong mobility. This study only considered the influence of the agent attribute on the perceived task, whereas the spatial location influence was not analyzed in detail. Therefore, we plan to consider the impact of space on perceived tasks in the future. 
